Imputing incomplete medical tests and predicting patient outcomes are crucial for guiding the decision making for therapy, such as after an Achilles Tendon Rupture (ATR). We formulate the problem of data imputation and prediction for ATR relevant medical measurements into a recommender system framework. By applying MatchBox, which is a collaborative filtering approach, on a real dataset collected from 374 ATR patients, we aim at offering personalized medical data imputation and prediction. In this work, we show the feasibility of this approach and discuss potential research directions by conducting initial qualitative evaluations.
Introduction
Despite advancements in treatment methods, recovery after musculoskeletal injuries, such as Achilles Tendon Rupture (ATR), is still a prolonged process with an unknown wide variation and often unsatisfactory outcome [1] . Current meta-analyses of the outcome after ATR have mainly focused on operative versus non-operative treatment, lately demonstrating no superiority of one over the other when early mobilization is applied [2] . However, when it comes to other factors and variables affecting the outcomes of ATR, there is currently a lack of knowledge. A recent study investigated how patient characteristics affected outcomes in male ATR patients. For example, it was found that increased age was a strong predictor of reduced function [3] . In an earlier work, factors such as pain and physical activities during rehabilitation were shown to be important for functional outcomes. However, the under-representation of female ATR patients has made it difficult to investigate the importance of gender on outcome [4] . Furthermore, the reason for the variability in outcome at least one year after ATR, however, still remains unknown. Hence, using machine learning tools to aid the study of ATR rehabilitation is desired.
Prediction of ATR rehabilitation is extremely challenging for both medical experts and machines due to numerous noisy measurements with large amount of missing data. Medical tests and outcome measurements for ATR, including the aforementioned ones, involve a large variety of metrics, and the total number of those metrics is on the magnitude of hundreds. Although many tests can be applied to patients to monitor the rehabilitation processes, the correlations between various measurements and patient characteristics are still under-explored. Thus, the test results are not fully informative to the clinicians. Moreover, some seemingly more reliable tests are expensive to perform, time consuming or uncomfortable for patients. Leveraged on the predictive power of data-driven approaches, it would be of great interest to find out whether we can use simple tests to predict possible results of those more reliable tests and potential outcomes for new patients.
Therefore, the task is to predict missing measurements and rehabilitation outcomes using existing noisy measurements. Since the rehabilitation out comes are a subset of measurements, we formulate the research question as data imputation thus we do not differ rehabilitation measures from other measurements. To this end, by formulating the data imputation and prediction of ATR relevant medical measurements into a recommender system framework, we apply MatchBox, which is a collaborative filtering approach [5] , to 1) predict possible rehabilitation outcomes for patients; and 2) impute untested measurements for patients based on partially tested data. Our initial evaluation results show that the proposed method can predict a large set of medical measurements with high accuracy, while some measurements could not be well predicted due to reasons such as insufficient amount of training data, or weak medical relevance between the measurements and ATR rehabilitation etc.
Problem Statement
A dataset of ATR relevant medical measurements and rehabilitation outcomes have been collected at the Department of Orthopedics, Karolinska Institute Hospital, Solna, Sweden. The dataset composes medical records from 374 ATR patients involved in prospective randomized trials with 216 measurements, including routine medical tests, validated subjective outcome measurements and objective outcome measurements. Subjective outcomes are evaluated from the patient-reported questionnaires conducted at one year post operation, higher scores in those outcomes indicate better recovering. Objective outcomes are measured by ATR relevant medical examination conducted at one year post operation. Figure 1 illustrates the format of the employed dataset. In this dataset, however, 57205 measurement and outcome entries (as depicted in Figure 1 ), which account for 70% of the total number of entries in the dataset, are left untested due to health situations of patients, expensive medical cost or long time consumption required by the tests. Incomplete medical data record downgrades the effectiveness and accuracy for clinicians in analyzing patients' health status and rehabilitation progress, and then in turn affects making decisions for treatments. Therefore, it is desired to enable the prediction of missing data, which can compensate for the unavailable information needed by clinicians, while not requiring extra resources to be committed by clinicians and patients. Referring to the dataset shown in Figure 1 , this boils down to the widely addressed matrix completion problem. Methods such as mean imputation and last value carried forward have been investigated in simple scenarios [6] . When the matrix is of low rank, a convex optimization method was shown to produce exact result [7] . In cases of high rank matrices, [8] has shown good performance under the assumption that the columns of the matrix belong to a union of multiple low-rank subspaces. In the research line of recommender systems, Poisson factorization [9] and collaborative topic modeling [10, 11] have shown promising results, however, due to the underlying assumption of discrete rating space, they are not feasible for completing missing data that lies in continuous space.
In this work, we aim at offering personalized data prediction for patients, and the data amount is relatively small. Therefore, we employ a probabilistic graphical model based collaborative filtering framework, i.e. MatchBox [5] which is flexible on data type and does not require large amount of training data, for the imputation of missing tests and the prediction of rehabilitation outcomes. In this context, as both data imputation and prediction are conducted in the same framework, we will not distinguish between them in the presentation hereafter.
Methodology
Given a dataset of medical records with large amount of missing entries (Figure 1 ), we address the data prediciton problem using a recommender system framework that regards each patient as a user while regarding each of various medical records as an item rating. As such, the prediction of missing entries in the dataset is converted to the problem of predicting the ratings of items for a patient.
We adopt MatchBox [5] , which is a generative model designed for personalized recommendation [5] , for predicting the missing data in our dataset. Built upon collaborative filtering utilizing matrix factorization, MatchBox defines the low dimensional latent space as traits to encode latent properties of the data, and offers personalized predictions for individual users. Concretely, denoted by A ∈ R N ×M the affinity matrix that represents patients' test results composed of N patients and M medical measurements, the prediction of an user u s i-th medical test result is obtained by:
where P u denotes the u-th row in the patient trait matrix P ∈ R N ×T and R i is i-th column of the medical measurement trait matrix R ∈ R . All elements in the aforementioned matrices are generated from independent Gaussian distributions, for which the means and variances need to be inferred. Thus, the priors are set as hyperparameters.
Note that MatchBox provides additionally content-based filtering to offer a hybrid system to encode user and item features for coping with also the cold-start problem. As an initial attempt in the ATR data prediction and given that we have many data points available for the majority of patients, we in this work adopt collaborative filtering only.
Importantly, our goal is to predict missing medical measurements that mostly lie in continuous space, which is different from the discrete rating system that thresholds the probabilistic outputs to produce a finite set of ratings. We thus adapted the implementation from Infer.NET [12] to model the measurement values directly, and omit the thresholding procedure to produce continuous outputs.
Evaluations
In this section, we evaluate the introduced problem formulation by applying collaborative filtering on the dataset collected from Achilles Tendon Rupture (ATR) patients. Prior to applying the prediction to the real dataset, we have tested the inference by latent parameter recovering using synthetic data as in [13] . The aim is to evaluate the inference performance since the latent variables are unknown to the model. The synthetic data was generated following the generative process of the model described in Section 3 with given priors. We were able to recover all the latent parameters in the model which indicate that the inference performs well.
As listed in Appendix A, the employed dataset composes ATR relevant medical test result for 216 measurements from 374 patients. Therefore, there are in total 80784 entries in the dataset, of which 57205 entries are missing. Before inputting our dataset into the collaborative filter, we normalize the entry values to lie within [0, 1] on a per measurement basis in terms of available data. Moreover, we have observed that the prior means and prior variances assigned to the patient trait matrix P , medical measurement trait matrix R, patient bias and medical measurement bias matrices B P and B R greatly affect the final prediction accuracy. As we do not have good knowledge for those priors, we fix the prior variances to be 0.5, and then apply grid search for the prior means for each matrix. The grid search was conducted in the range of [0.05, 0.95] with a fixed step size of 0.05.
Results For the experiment, we conducted a 5-fold cross validation for the whole dataset composed by 374 patients and 216 measurements. For evaluating the performance of our approach, in the 5-fold cross validation we predict the measurement values of every test set, which we have the true values of, and compare the results against the ground truth. The mean errors of our predictions are reported in Figure 2a . We can see that almost half of the measurements can be predicted with mean errors smaller than 0.2, which is relatively small to be able to indicate the real test results. Furthermore, we also observe that the majority of inaccurate predictions were associated with the measurements which have very little amount of known data. This is expected since the model was not able to generalize over different values for those measurements with insufficient training data.
In order to evaluate the method without being affected by the insufficiency of data, we conducted the same experiments for the 125 measurements, each of which has more than 50 known data for training and testing. As reported in Figure 2b , we can see an enhancement in prediction mean errors which decreased from 0.2478 to 0.2010. However, it is worthwhile to note that there are still some measurements (red bars) that can not be well predicted, although the amount of known data for them is large. By taking a closer look at the data, as listed in Appendix A, we have observed that those inaccurate predictions were made mostly for either medically irrelevant measurements, e.g., date of test, or the measurements that have binary outputs, which were not well predicted as our framework models measurements in continuous space and is not capable of handling those measurements.
Conclusion
Because some of the medical tests of interest are expensive to perform, time consuming or uncomfortable for patients, the amount of missing data is unavoidably large. As desired by clinicians, more medical test results will be helpful in medical diagnosis and making decisions for treatments. Therefore, we in this work investigated the possibility of formulating the medical data prediction problem into a recommender system framework. By modeling the patients as users and medical test results as item ratings, we show that it is feasible to predict missing medical data using collaborative filtering, and the evaluation results indicated that we could achieve good prediction accuracy for many medical measurements.
As a potential future work, we would like to separate the measurement data types, e.g., continuous or discrete values, to decide whether a thresholding is needed for output to improve the prediction accuracy. Furthermore, rather than pure collaborative filtering, it would be interesting to adopt the hybrid system provided by MatchBox to investigate further improvements. For better evaluation of the performance, we plan to compare our method with other matrix completion approaches, as well as tracking the rehabilitation results of patients to justify the usefulness of our method.
Appendix A List of Medical Measurements in the Achilles Tendon Rupture
Patients' Dataset 
